The MASW method estimates the shear-wave velocity from the properties of the Rayleigh-wave propagation measured within a seismic spread. Shorter wave-length components of the surface-wave sample the shallow parts of the seismic section and longer wave-length components sample the deeper parts of the earth. The greater the wave-length the greater volumes of the earth affect the surface-wave properties. Thus, the surface-wave results are strongly affected by averaging. Such smearing reduces the horizontal resolution of the shear-wave velocity estimates.
Introduction
The multichannel analysis of surface-wave (MASW) method was developed to estimate nearsurface S-wave velocity from high-frequency (≥ 2 Hz) Rayleigh-wave data (Park et al., 1999; Xia et al., 1999a) . The practical application of MASW has provided reliable correlations to drill data. Miller et al. (1999a) mapped bedrock with 0.3-m (1-ft) accuracy at depths of about 4.5-9 m (15-30 ft), confirmed by numerous borings. The MASW method has been applied to problems such as characterization of pavements Ryden et al., 2001) , the study of Poisson's ratio (Ivanov et al., 2000a) , investigation of sea-bottom sediment stiffness Ivanov et al., 2000b) , detection of dissolution features , and measurement of S-wave velocity as a function of depth . Studies on the MASW method have been extended to areas of utilization of higher modes Beaty et al., 2002; Beaty and Schmitt, 2003) , determination of near-surface Q (Xia et al., 2002) , and deployment of autojuggie (Steeples et al., 1999) with the MASW method (Tian et al., 2003a and 2003b) .
The evaluation of the resolution of high-frequency surface-wave data/model remains a research topic. Xia and Chen (2003) proposed a smear-matrix concept, which explained the vertical resolution of S-wave velocity profile resulting from inversion of Rayleigh-wave data. Xia et al. (2004) developed an unblurring technique to improve the horizontal resolution of 2-D S-wave velocity sections obtained by the MASW method. They obtained encouraging results. However, their method was based on subjectively determined data kernel (a weighting matrix). Thus, it remained unclear if the selected unblurring parameters were optimal for a given data set.
To define optimal unblurring parameters we propose a method, which uses two data sets, shot in different directions along a given 2-D line. The two data sets are unblurred multiple times using a range of unblurring operators (each of which defines the corresponding data kernel). For each data kernel the fitness between the two unblurred images of the two data sets is measured. The optimum inversion (unblurring) parameters would be those for which the two unblurred data set have the best fit (minimal difference).
We were expecting that the proposed 2-fold method would easily provide a data kernel that is optimal for any overlapping two data sets. Testing the optimization technique on real data revealed that for a given data set there might not be a unique solution to the problem. Significantly different data kernels provided similar minimal difference between the unblurred data sets.
The Unblurring Method
The unblurring method (Xia et al., 2004) was developed on the basis of the image enhancing technique presented by Menke (1989) . It assumed that each image pixel (say, in a camera) was a result of summation of the influence of three neighboring elements (Figure 1 ). Figure 1 . When a camera moves through three scene elements during an exposure, each camera pixel records the average brightness of three neighboring scene elements. There are two more unknowns than data (From Menke (1989) .
Thus, considering the available image (vector c) to be blurred, the blurring can be described by a system of equations c = Gs, where s is the vector of contributing scene elements and G is the matrix describing the contribution of each scene element, referred to as the data kernel. Assuming varying contribution from each scene element, the data kernel, G, may have the form, In the above example, blurring is a result of contribution of only three elements and it was assumed that the side element had half the contribution of the central element. The top and bottom extra rows (containing only "1"s) were added to make the system determined, and thus stabilize the inverse problem. Unblurring is finding the solution (vector s) to the system above. More technical details about the unblurring method can be found in Xia et al. (2004) .
Real-world Example
The unblurring technique was applied to MASW data acquired in Andalusia, Alabama in 1999 . The data were collected within the Conecuh National Forest, where sinkholes were present, using a 60-channel Geometrics StrataView seismograph with forty-eight 4.5 Hz verticalcomponent geophones and a weight drop, built in Kansas Geological Survey. Geophone spacing was 4 ft and source locations were at every 8 ft. The nearest offset was 30 ft in an effort to map subsurface down to 100 ft depth. Data were acquired from both directions along the line. Total of 40 shots were collected along each direction, following the CDP roll-along format. After applying the MASW method two 2-D S-wave velocity sections were acquired (Figure 2 ). The difference between the two unblurred overlapping sections was smaller than the difference between the original 2-D Vs sections. Therefore, the unblurred solutions were considered to be more realistic than the original 2-D Vs sections.
Optimizing the Unblurring Method
The necessity to optimize the unblurring method was cause by the fact that the length of the unblurring operator, which formed the data kernel, was subjectively determined. We propose the following algorithm for finding an optimum unblurring operator. All the reasonable range of operator lengths can be used to estimate for each of them a corresponding set of overlapping unblurred sections and their difference measured. The optimum-unblurring operator would be the one that would produce unblurred sections that fit best (have minimal difference). It was expected that this algorithm would provide a strait-forward solution by finding a unique optimum operator that would provide a best fit.
Real-world Example Continued
This was not the case with the data set at hand. There are several operator lengths that cause similar minimal difference between the unblurred sections (Figure 4) . One is the 23-element operator used originally by Xia et al. (2004) . Another is a 3-element operator, which produced unblurred sections ( Figure 5 ) that fit even better bellow 35 ft depth (the left red dashed line on Figure 4 ). Figure 5. Unblurred first and second 2-D S-wave velocity sections using a 3-point operator from data acquired in both directions along the line.
Then there is the 37-to 49-element operator length range with even better fit between the overlapping unblurred sections (Figure 6 ). Depth (ft) 300 400 500 600 700 800 90010001100120013001400150016001700 Figure 6 . Unblurred first and second 2-D S-wave velocity sections using a 41-point operator from data acquired in both directions along the line.
Thus, this optimization attempt did not provide a unique solution for the particular data set. Further considerations of the obtain results suggest that the 37-to 49-element operator length range can be excluded as a place for the possible solution because of its filtered (smeared) results, which are due to numerical artifacts, resulting from the operator length approaching the amount of available data. Currently, it is difficult to give preference to one of the available minimal-error unblurred solutions (Figures 3 and 5) . It may seem that the 3-element operator is more likely, because it modifies to a minimal degree the input data and because it provides the best fitness between the two MASW lines. However, taking into account the possibilities for error in the MASW results, the 23-element operator may still be a viable option for the true, optimal operator. Only ground truth (for example, from wells) can resolve the problem.
Discussion and Conclusions
The optimized unblurring method can be a powerful tool for increasing the horizontal resolution of the MASW method.
The proposed optimized unblurring method cannot guarantee a unique solution, as indicated by tests on real data. However, such nonuniqueness may be related exclusively to a particular data set, which may be result of noise and errors during the application of the MASW method, either during the dispersion curve picking process, either during the inversion stage. Further research on other operator patterns, which fill the data kernel, may improve the optimized unblurring method. Acquiring more overlapping data along the line could allow larger operators to be tested.
The optimized unblurring technique has the potential to be successfully applied to any geophysical data, acquired in both directions along a given line, and thus improve its horizontal resolution.
